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ABSTRACT
Teaching quantitative methods at the undergraduate level is a difficult yet rewarding endeavor due to
the challenges instructors face in presenting the material. One way to bolster student learning is through
the use of statistical software packages. Google Sheets is a cloud-based spreadsheet program capable of
many basic statistical procedures, which has yet to be evaluated for use in quantitative methods courses.
This article contains pros and cons to using Google Sheets in the classroom and provides an evaluation
of student attitudes toward using Google Sheets in an introductory quantitative methods class. The results
suggest favorable student attitudes towardGoogle Sheets andwhich attitudes towardGoogle Sheets show
a positive relationship with quantitative self-efficacy. Thus, based on the positive student attitudes and the
unique features of Google Sheets, it is a viable program to use in introductory methods classes. However,
due to limited functionality, Google Sheets may not be useful for more advanced courses. Future research
may want to evaluate the use of third-party Google Sheets applications, which can increase functionality,
and the use of Google Sheets in online classes.
KEYWORDS
Education; Google Sheets;
Online Learning
1. Introduction
1.1. Difficulties Teaching QuantitativeMethods
Many undergraduate programs, especially in the social sciences,
require a statistics course. Whereas this may be exciting and
rewarding for instructors who are interested in statistics, it
seemsmany undergraduate students have no desire to take these
courses, or even fear taking them (Dunn 2000; Onwuegbuzie
and Wilson 2003; Harlow 2013). Despite any misgivings from
students, learning statistics is a vital part of any education.
Statistical literacy is necessary to make sense of research, and
research can help guide business decisions, policy choices,
and intervention design (Garfield 2002; Zieffler et al. 2008).
However, statistics education is becomingmore difficult because
of the number of statisticalmethods developed in recent decades
(Aiken et al. 1990). These methods are often multivariate
and more difficult to understand than univariate or bivariate
methods. Still, because they are becoming more common in
research (Harlow et al. 2013), students need solid foundational
training in order to understand these more advanced methods
when they read studies in content courses. Furthermore,
multiple approaches to statistics are becomingmore common in
the social sciences with paradigms of modeling (Rodgers 2010)
and the “new” statistics (Cummings 2011) taught alongside
or instead of null hypothesis significance testing (Harlow,
Mulaik, and Steiger 2016). These advances in the field of
quantitative methods are exciting, but teaching these new
methods can be challenging. Some concerns may include
student reluctance and/or anxiety with learning quantitative
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methods, having to teach several approaches alongside each
other, or choosing not to touch on some approaches in favor
of others. Thus, introductory quantitative methods instructors
face a difficult challenge to properly prepare their students
for future courses, research, and employment. In a rigorous
field that is quickly evolving, evaluating new approaches to
provide foundational training and developing positive attitudes
toward a complex topic are essential to promoting statistics
education.
1.2. Importance of Quantitative Self-Efficacy
Bandura’s (1986) self-efficacy theory provides a basis for the
link between quantitative self-efficacy and performance in
the classroom. Broadly defined, self-efficacy “is the belief one
has about being able to execute a specific task successfully
to obtain a desired outcome” (Bandura 1986, p. 5). Later,
Bandura (1997) redefined self-efficacy to include those beliefs
regarding an individual’s capacity to produce a performance
that will lead to anticipated outcomes. Thus, regulatory self-
efficacy is used to describe one’s abilities to overcome obstacles
or challenges to successful performance. In the context of a
statistics course, quantitative self-efficacy has been shown to
be positively associated with course performance (Harlow et
al. 2002). Moreover, quantitative self-efficacy has been shown
to improve throughout the semester concomitant with small
group learning (Springer et al. 1999). Additionally, Chemers,
Hu, and Garcia (2001) revealed that academic self-efficacy was
strongly related to classroom performance and overall class
© 2019 The Author(s). Published with license by Taylor and Francis Group, LLC.
This is anOpenAccess article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution,
and reproduction in any medium, provided the original work is properly cited. The moral rights of the named author(s) have been asserted.
JOURNAL OF STATISTICS EDUCATION 189
satisfaction in first-year college students. Finally, a review by
Pajares (1996) concluded that findings across academic domains
support Bandura’s (1986) contention that efficacy beliefs
mediate the effect of skills or other self-beliefs on subsequent
classroom performance by influencing effort, persistence, and
perseverance.
Whereas the studies above support a link between quanti-
tative self-efficacy and course performance, few studies have
examined self-efficacy for using statistical packages such as
Google Sheets and how this efficacy is related to course perfor-
mance. Given that many instructors are using statistical pack-
ages to help teach quantitative methods courses (see Section 1.3
below for more on this subject), it may well be that quantitative
self-efficacy is also related to attitudes toward a statistical pack-
age. In other words, positive attitudes toward a statistical pack-
agemay be associatedwith increased quantitative self-efficacy. If
learning to use the statistical package is an essential part of the
course (e.g., to receive homework grades and/or do projects),
then course performance could depend on the student’s ability
to effectively learn and use the program. Thus, the quantitative
self-efficacy and statistical package attitude relationship and
how it relates to course performance is an area worth exploring
that has not been heavily researched in the current literature.
1.3. Student Learningwith Computer Packages
One way to aid student learning of quantitative methods is
through the use of computer packages (e.g., SPSS, SAS, R, MS
Excel, and others) designed specifically to conduct statistics.
In fact, the 2016 guidelines for assessment and instruction in
statistics education (GAISE) also recommend using technology
in the classroom, further supporting the use of a statistical
package as part of course instruction (American StatisticalAsso-
ciation 2016). The use of these packages in the classroom allows
students to spend more time conceptualizing and interpret-
ing statistics instead of manual computation. Previous research
shows that using statistical packages can result in an increased
course performance compared to mainly lecture-based courses
(Basturk 2005; Sosa et al. 2011). In fact, the approach of teaching
statistics with a statistical package has become so utilized that
some quantitative methods textbooks offer the interpretation
of output from statistical packages within the chapters (see
Cummings 2011 for examples using MS Excel; Harlow 2014
for examples using SAS, SPSS, and EQS; Gravetter andWallnau
2017 for examples using SPSS). To determine which statistical
package instructors may want to use, previous studies have
evaluated the use of some common statistical packages. Warner
andMeehan (2001) suggested usingMS Excel because it teaches
spreadsheet skills, it is simple to use, it allows for electronic
submission of assignments, and it is relatively low-cost. MS
Excel also has an Analysis ToolPak feature that can conduct
many basic statistical tests. In their evaluation, Warner and
Meehan (2001) asked for student opinions of using Excel in the
classroom and found mainly favorable responses. Taking a dif-
ferent approach to package evaluation, Prvan, Reid, and Petocz
(2002) developed laboratory assignments using Minitab, SPSS,
and MS Exceland found that students viewed the assignments
favorably, but no data on student attitudes toward any individual
package were gathered beyond noting that students found the
programs easy to use. Prvan et al. recommended using Minitab,
but noted that was mainly due to their personal preferences
and any of the packages would work well in the classroom
(Prvan, Reid, and Petocz, 2002). While classroom evaluations
on Minitab, SPSS, and MS Excel show favorable outcomes for
student learning, no such evaluation has been conducted on
Google Sheets. Given the advantages of Google Sheets (further
explained in Section 2.1), Google Sheets could be another viable
solution to the difficulties of teaching quantitative methods that
is also highly accessible for students and faculty alike.
2. Google Sheets
Google Sheets is a cloud-based spreadsheet program hosted by
Google and has many of the same functions as MS Excel. It is
available to any user who signs up for a Google account. Users
can easily upload or input data, and then write code to analyze
the data. Any data entered into Google Sheets are stored on a
cloud server (i.e., Google Drive), allowing for accessibility any
time an individual logs into their Google account regardless of
location or computer.
2.1. Advantages of Google Sheets
Google Sheets has several advantages over more specialized
statistical packages (e.g., SPSS, SAS, and R). First, learning a
spreadsheet application such as Google Sheets makes students
more competitive on the jobmarket due to the high value placed
on spreadsheet skills (Davis 1997; Kavanagh andDrennan 2008;
Rackliffe and Ragland 2016; Schneider et al. 2017). By working
with spreadsheets, students gain a valuable skill set that can be
used both inside and outside of the classroom. Second, because
Google Sheets uses cloud-based storage, once a data set has
been loaded into Google Sheets, it can be accessed anywhere
the student logs into their account. This eliminates the hassle
of making sure a data set is available to the student, wherever
they are, especially if the statistical package is only available in
limited computer labs on campus. Depending on how large the
data set is, some students may even be able to use Google Sheets
on tablets or smart phones, which also increases accessibility.
Third, from an economic perspective, Google Sheets is com-
pletely free. Anyone with a Google account (whether personal
or from the university) can use Google Sheets with no charge,
which is ideal for students who typically do not have much
disposable income or for any institution which does not provide
access to advanced statistical packages across campus. In fact, a
student does not need to own a computer but just have access to
one on-campus to use Google Sheets thereby eliminating eco-
nomic barriers for low socioeconomic status students. Fourth,
students may share their spreadsheets with other students and
instructors/teaching assistants. This share function allows two
or more persons to use the same file at once, and can allow
for real-time correction of any mistakes made when writing
code. The revision history feature could also allow group mates
and/or instructors to see who contributed to which part of a
document, which could allow instructors to see if students are
writing the code themselves or having someone else write it for
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them. Google Sheets also has chat functionality and comment
windows allowing for individuals to give and receive notes to
anyone with access to the document. These functions can be
extremely useful in situations like group projects or grading.
Fifth, Google Sheets has an easily accessible help function. All
one needs to do is start typing a function and a window opens
within the spreadsheet cell. If the window is clicked on, a dialog
box appears showing the proper notation for that function and
a link for further help if needed. Sixth, it is possible to develop
third-party plug-ins or add-ons to Google Sheets to improve
functionality, similar to developing R packages.
2.2. Statistical Functions Available in Google Sheets
Although Google Sheets has many statistical functions avail-
able, it is not as robust as more specialized statistical packages,
including theMS Excel’s Analysis ToolPak (Warner andMeehan
2001). However, Google Sheets does have support for many
basic statistical tests typically taught in introductory quantita-
tive methods courses. For example, several widely used text-
books (e.g., Moore et al. 2016; Agresti et al. 2017; Gravetter
and Wallnau 2017) cover the following topics: mean, median,
mode, skewness, standard deviation, variance, z-scores, z-tests,
t-tests (single, independent, paired), analysis of variance (one-
way, repeated, two-way), correlation, regression, and chi-square.
Google Sheets has partial or full support for these topics except
the single-sample t-test and chi-square.
Functions in Google Sheets are entered in an empty cell
within the same spreadsheet containing data, although it is
possible to run functions in a new spreadsheet within the same
file. All functions use a standard notation which starts with
an “=,” followed by the function, and then the data range in
parentheses. This functionality is similar to MS Excel, which
might be useful as students learn to use multiple spreadsheet
packages. As an example, the command =AVERAGE(A1:A10),
finds the average of all data within cells A1 to A10. An IF
modifier can be added to most basic functions to specify which
values should be analyzed as part of the function. This can be
useful when doing frequency counts. For example, if column A
is coded such that 1 = Treatment Group and 2 = Control Group,
then =COUNTIF(A1:A100, 2) tells Google Sheets to count all
cells between A1 and A100 that contain a 2. The output of this
function would be the number of participants in the control
group.
As a course moves from descriptive statistics to inferential
statistics, Google Sheets provides support here as well. The
=TTEST function can be used to analyze paired sample t-tests,
independent sample t-tests with equal variances, or indepen-
dent sample t-tests with unequal variances. An example of the
code is =TTEST(A1:A10, B1:B10, 2, 2). This tells Google Sheets
to analyze the data in cells A1–A10 and B1–B10, which need to
contain the data for the two different groups. The first 2 in the
code tells Google Sheets to conduct a two-tailed test (a 1 in this
position conducts a one-tailed test). The second 2, or last part
of the code, specifies what type of t-test to conduct. A 1 selects
a paired sample, 2 an independent sample with equal variances,
and 3 an independent sample with unequal variances. For a list
of Google Sheets codes of common statistical procedures, please
refer to Table 1.
2.3. Disadvantages of Using Google Sheets
As shown in the notes within Table 1, the lack of some features in
Google Sheets can be an issue as topics become more advanced.
First, for z-tests, t-tests, and F-tests, Google Sheets can only
calculate the p-value using the statistical functions. It is possible
to calculate the actual z-scores, t-scores, and F-ratios, but this
requires writing the code step by step and keeping careful track
of what values are in which cell during computation. Second,
when it comes to correlations and regression, the statistics are
provided but not the p-values. Additionally, for regression, the
F-test is not provided, so unless the F-value is calculated or
given to students by the instructor, it is difficult to know if the
regressionmodel is significant or not without writing additional
code. For example, if using the formula F = (R2/q)/(1-R2)/(N −
q−1), where q= the number of predictors, it is possible to obtain
the F-value if the R2 is known. This F-value could be checked
with q and N-q-1 degrees of freedom for significance using an
online calculator.
Another disadvantage of Google Sheets comes from the
lack of effect size and confidence interval support. Both effect
sizes and confidence intervals are an important part of an
introductory statistics curriculum, especially within the social
sciences (Appelbaum et al. 2018), so instructors using Google
Sheets will need to either code these values step by step as
well or provide students with prewritten code to calculate
those values. Other disadvantages include a required internet
connection and limited graphing functionality. Potential users
Table 1. Example code for some Google Sheets functions.
Statistic/Test Code (followed by cell range) Notes
Mean/Median/Mode =AVERAGE(range); =MEDIAN(range); =MODE(range)
Skewness =SKEW(range)
Kurtosis =KURT(range)
Standard Deviation =STDEV(range) Sample/population formula available
Variance =VAR(range) Sample/population formula available
z-test =ZTEST(range, z-score, standard deviation) Requires z-score, provides p-value. If standard deviation is not provided, an
estimate from the data is used resulting in single-sample t-test
t-test =TTEST(range1,range2, tails, type) One- or two-tailed, paired, independent with equal or unequal variances option
F-test =FDIST(F-Ratio, df between, df within) Requires F-ratio and degrees of freedom, provides p-value
Correlation =CORREL(range1:range2) Does not provide p-value
Regression For slope: =SLOPE(DV range:IV range), for intercept:
=INTERCEPT(DV range:IV range)
Gives regression coefficient and intercept, but does not provide F-test or p-value
Chi-Square =CHITEST(observed range, expected range) Gives p-value, does not provide χ2 value
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should also be aware that the language in the help files can
sometimes be confusing and/or misleading. For example, if a
user wants to conduct a one-tailed t-test, the =TTEST function
help file states it will only return a p-value of a higher value
of the t-statistic. In other words, the default setting for the
=TTEST function is testing if the mean is greater than the
value of interest. Thus, the user must know which tail he or
she wishes to test and appropriately adjust the result (i.e., 1 –
p-value) if the desired test is a lower value of the t-statistic.
It is also not possible to directly comment within the code,
but written instructions could be provided in a cell next to
a cell containing the actual code to assist students. Finally,
there are usually several values of interest when conducting
statistical tests (e.g., for a t-test, one needs the t-value, degrees
of freedom, and p-value at minimum). As shown in Table 1,
Google Sheets only gives one value at a time and does not
have full support for all values using the different commands.
Thus, instructors who do not want to use the step-by-step
coding described above may find using Google Sheets to be
tedious.
3. Pilot Evaluation of Using Google Sheets in the
Classroom
The authors used and evaluated Google Sheets in an introduc-
tory quantitative methods course required for social science
students. Students enrolling into this course need an introduc-
tory math course as a prerequisite and to be sophomores in
standing. Students in this course were taught primarily with
Google Sheets during lab sessions, but there was some expo-
sure to SPSS and hand calculations during labs and lectures.
During lab sessions, students had the option of either using
a lab computer or their personal devices (laptop or tablet) to
conduct analyses. Pilot data were collected during the middle
and end of the Fall 2015 semester, and confirmatory replication
data were collected at the beginning, middle and end of the Fall
and Spring 2016 semesters. As part of this evaluation, data on
quantitative self-efficacy and other quantitative attitudes (e.g.,
anxiety) not analyzed as a part of this study were gathered since
positive quantitative attitudes have been linked with perfor-
mance in quantitative courses (Harlow et al. 2002). There were
two main research questions within this evaluation of the pilot
and confirmatory data. The first question was to gain insight
into student perspectives of Google Sheets, and focused on
whether or not students viewed Google Sheets as a helpful tool
for learning statistics. The second question investigatedwhether
attitudes toward Google Sheets was related to quantitative self-
efficacy.
3.1. Pilot Data Participants
The pilot study was conducted with a convenience sample of
45 students during the Fall 2015 semester at a large, rural
university in the northeasternUnited States. Participants ranged
in age from 18 to 35 (M = 20.53, SD = 2.89). A majority of
the sample identified as female (64.4%) and white (64.4%); 59
students were enrolled in the class,making the participation rate
76.3%.
3.2. Pilot StudyMaterials
3.2.1. Quantitative Self-Efficacy
Quantitative self-efficacy (Harlow et al. 2002)was assessed using
a five-item scale, ranging from 1 = Strongly Disagree to 5 =
Strongly Agree. A sample item is “Understand the concepts of
statistics.” This scale is scored by averaging the items, where
higher scores indicate a higher self-efficacy. A coefficient omega
of 0.44, 95% CI, [0.17, 0.65] was found in this sample at the
mid-semester time point, and of 0.68, 95% CI, [0.49, 0.79] at the
end semester time point suggesting weak to acceptable internal
consistency. A correlation across mid- and end-semester time-
points was r = 0.78, p < 0.001 showing reasonable test–retest
reliability. The full measure may be found in the Appendix.
3.2.2. Attitudes Toward Google Sheets
Attitudes toward Google Sheets was examined using a five-item
scale, ranging from 1 =Never True to 5 =Always True. A sample
item is, “Google Sheets has not helped me make more sense
out of the material.” All negatively worded items were reverse-
scored before averaging the responses. Scores ranged from 1 to
5, with higher scores indicating more favorable attitudes toward
Google Sheets. This scale was adapted from items within the
peer mentor, consult corners, know and not know, critiques,
and review scales used by Harlow et al. (2002) and has not
been validated since the changes weremade for use with Google
Sheets. A coefficient omega of 0.87, 95% CI, [0.77, 0.93] was
found formid-semester responses and 0.62, 95%CI, [0.39, 0.76]
for end-semester responses, indicating good to just-acceptable
internal consistency. A correlation between the two time points
was r = 0.67, p < 0.001 demonstrating acceptable test–retest
reliability.
3.2.3. Demographics
A demographic questionnaire asked participants their age, gen-
der identity, racial/ethnic identity, and current major.
3.3. Pilot Study Procedure
A section of an introductory quantitative methods course was
the setting for this study. The course was taught by a team
of three graduate students who were supervised by a faculty
member throughout the semester. One graduate student was
the course instructor, who was responsible for lecturing twice
a week. The other two graduate students were each responsible
for half of the class and would hold a weekly lab to teach their
students how to use Google Sheets and reinforce concepts from
lecture. The faculty member regularly met with the graduate
student team to provide guidance and feedback on questions.
The course students were required to complete eight home-
work assignments and one project using Google Sheets during
the semester. The homework assignments tasked students with
writing the Google Sheets code and analyzing the findings.
Students were asked to provide their Google Sheets code and
the correct answer in the assignments. Students were placed
into small groups for the project so they had peers to consult
with in case they had any difficulties with the analyses, however
each student needed to turn in their own project. Each project
required students to analyze two variables of a large public-
access database, choose the correct statistical test for the anal-
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ysis, write the Google Sheets code, and interpret their findings.
All of the methods listed in Table 1 except for the =FDIST
command were taught during the lab sessions.
Two assessments were conducted as a part of this pilot evalu-
ation. The first was during the middle of the Fall 2015 semester
after using Google Sheets for several homework assignments.
Students who chose to participate were given a link to complete
several surveys online. The first page of the link directed stu-
dents to an informed consent, where they were asked to read
and provide their student IDnumber if they chose to participate.
Students choosing to participate were then asked to fill out sur-
veys assessing their quantitative self-efficacy, attitudes toward
Google Sheets, and other quantitative attitudes unrelated to the
current study (e.g., anxiety). The final page asked students for
several demographic variables, and upon completion students
were awarded an extra credit point for their participation. The
second assessment was done during the end of the Fall 2015
semester, after students completed all eight lab sessions, with the
corresponding homework assignments, using Google Sheets.
The extra credit points were added to the total number of points
earned by the student over the semester (295 possible points), so
were worth 1/295 or 0.34% of their final grade, each.
3.4. Pilot Results
3.4.1. Pilot Data Preliminary Analysis
Prior to the main analyses, all missing data (21.32%) were
imputed using the expectation maximization method as it is
robust against issues of sample size, amount ofmissing data, and
data distribution (Gold and Bentler 2000). After the missing
data were imputed, all necessary items were reverse scored
and scales were scored. Internal consistency was calculated for
scales and normality checks for skewness and kurtosis were
done with no issues found. Data analysis was conducted using
Google Sheets when possible, and checked using the SPSS
version 24.0.
3.4.2. Attitudes Toward Google Sheets Pilot Results
After scoring the attitudes toward Google Sheets measures, the
pilot results indicated that at both time points students showed
overall favorable attitudes. The average score (where higher
scores indicate more favorable attitudes) for the mid-semester
time point was 3.85 (SD = 0.80) and for the end-semester time
point was 3.97 (SD = 0.62). Since this scale was scored on a
scale from 1 to 5, both average scores, greater than the midpoint
of 3, suggest favorable attitudes. Please see Table 2 for results of
individual scale items.
3.4.3. Linear Regression Pilot Results
The next step in the analyses was to build a simple linear
regressionmodel testing if quantitative self-efficacy significantly
related to attitudes toward Google Sheets. The linear regression
analysis was done twice, once for the mid-semester data and
then for the end-semester data.
The model for the mid-semester data was significant, F(1,
44) = 20.89, p < 0.001, R2 = 0.33, 95% CI, [0.12, 0.54] revealing
a large effect size. Quantitative self-efficacy t(44) = 4.57, p <
0.001, β = 0.57, 95% CI, [0.35, 0.90] was a significant predictor
of attitudes toward Google Sheets with a large effect. The model
for the end-semester data was not significant, F(1, 44) = 2.22,
p = 0.14.
4. Confirmatory Evaluation of Using Google Sheets in
the Classroom
4.1. Confirmatory Sample Participants
Additional data were gathered at three time points over the
Spring and Fall 2016 semesters. These two samples weremerged
(N = 117) and used for confirmatory replication of the pilot data
findings. Themerged samplewas predominantly female (85.5%)
andwhite (72.6%); 152 students were enrolled during the Spring
and Fall 2016 semesters, making the participation rate 77%.
4.2. Confirmatory SampleMaterials and Procedure
The same measures were used as for the Fall 2015 pilot study.
The procedure changed slightly because three waves of data
were gathered, and a third lab section was offered with a third
graduate TA teaching the additional lab in Fall 2016 (the other
two TAs stayed the same). The first time point was during the
beginning of the semester, after students completed their first lab
using Google Sheets. The second and third time points followed
the same procedure as the pilot data process of gathering data
during the middle and final week of the semester. No other
substantial edits were made to the homework assignments or
group projects. As in the pilot sample, the extra credit points
were added to the total number of points earned by the student
over the semester (295 possible points), so were worth 1/295 or
0.34% of their final grade each.
5. Results
5.1. Validating Findings with Confirmatory Sample
The same analyses from the pilot data were reconducted using
the confirmatory sample, with the addition of a beginning
Table 2. Individual scale results for attitudes toward Google Sheets (pilot data).
Item (r) = item was reverse-coded Mean (Mid) SD (Mid) Mean (End) SD (End)
Google Sheets helped me understand statistics concepts better 3.74 .96 3.92 1.09
Google Sheets has not helped me do well in the course (r) 3.80 1.45 3.70 1.69
Google Sheets has not helped me integrate and apply class concepts (r) 3.80 1.69 3.99 1.48
Google Sheets has helped me becomemore comfortable with statistics 3.79 1.05 3.86 1.08
Google Sheets provided me with a good application experience 3.93 1.05 4.20 0.87
Google Sheets has been convenient for me to do assignments 4.39 1.11 4.42 0.88
I think the skills I’m learning with Google Sheets will be useful outside of class 3.98 1.53 4.12 1.03
Google Sheets helps me get involved in learning class material 4.07 1.00 4.14 0.95
Google Sheets has helped me gain confidence in the course material 3.78 1.04 3.97 0.99
Google Sheets has not helped memake more sense out of the material (r) 3.26 1.39 3.33 1.53
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semester linear regression analysis between quantitative self-
efficacy and attitudes toward Google Sheets. All missing data
(28.67%) for the confirmatory sample were imputed using
maximum likelihood estimation prior to analyses. No issues of
nonnormality were found when conducting initial data analysis
across the three time points.
5.2. Attitudes Toward Google Sheets Confirmatory Results
Overall favorable attitudes toward Google Sheets were found in
the confirmatory sample as well. The average attitude score at
the beginning time point was 3.72 (SD = 0.51), at the middle
time point was 3.73 (SD = 0.60) and end time point 3.92 (SD
= 0.66). As with the pilot data, all of these average scores were
greater than the midpoint of 3.5, indicating overall favorable
attitudes. Please see Table 3 for individual item averages for each
time point.
5.3. Linear Regression Confirmatory Results
The same linear regression model of quantitative self-efficacy
predicting attitudes toward Google Sheets was built at the three
separate time points in the confirmatory sample. For the begin-
ning of the semester, the model was significant, F(1, 116) =
12.89, p < 0.001, R2 = 0.10, 95% CI, [0.00, 0.20]. Quantitative
self-efficacy t(116) = 3.59, p < 0.001, β = 0.32, 95% CI, [0.10,
0.34] was a significant predictor of attitudes toward Google. At
the mid-semester time point, the model was also significant,
F(1, 116) = 13.55, p < 0.001, R2 = 0.11, 95% CI, [0.01, 0.21].
Quantitative self-efficacy t(116) = 3.68, p < 0.001, β = 0.33, 95%
CI, [0.12, 0.41] was again a positive predictor of attitudes toward
Google Sheets. The end-semester findings were consistent with
the previous two results, F(1, 116) = 13.61, p < 0.001, R2 = 0.11,
95% CI, [0.01, 0.21], with quantitative self-efficacy significantly
predicting attitudes toward Google Sheets t(116) = 3.69, p <
0.001, β = 0.33, 95% CI, [0.13, 0.44]. Please see Figures 1–3 for
depictions of scatterplots showing the beginning, middle, and
end semester timepoints, respectively.
5.4. Exploratory Longitudinal Analysis
After exploring the cross-sectional results at each time point, an
exploratory three-wave crossed-lagged panel was constructed
to examine possible longitudinal effects. These analyses were
considered exploratory as the sample size (N = 117) does
not meet conventional guidelines for longitudinal research;
especially using cross-lagged panels (Newsom 2015). Due
to the cross-sectional associations found at each time point,
the model was built specifying covariances between attitudes
toward Google Sheets and quantitative self-efficacy at each time
point.
Model fit interpretation used the guidelines suggested by Hu
and Bentler (1999) as well as Steiger and Lind (1980) where
a Comparative Fit Index (CFI) equal or greater than 0.90/.95
indicated good/great fit, root mean square error of approxima-
tion (RMSEA) less than or equal to 0.10/0.08/0.05 indicated
acceptable/good/great fit, standardized root mean square resid-
ual (SRMR) less than or equal to 0.08, and a nonsignificant chi-
squared test. The model showed somewhat acceptable fit, CFI =
0.93, SRMR= 0.05, RMSEA= 0.23, 90%CI, [0.16, 0.31], χ2(4) =
28.77, p < 0.001. There were significant positive associations
between attitudes toward Google Sheets at the beginning and
middle time points (β = 0.53, z = 6.41, p < 0.001), and middle
and end time points (β = 0.77, z = 12.51, p < 0.001). There
were also significant positive associations between quantitative
self-efficacy at the beginning and middle time points (β = 0.70,
z = 9.95, p < 0.001) and middle and end time points (β = 0.66,
z = 9.44, p < 0.001). However, no significant cross-lagged paths
emerged, suggesting itmay not be possible to infer change in one
construct is influencing change in the other across time points.
6. Discussion
Results support the two main hypotheses of the current study.
First, students had favorable attitudes to Google Sheets, indi-
cating this platform was well received and suggesting Google
Sheets may be a viable option for teaching introductory quan-
titative methods. Second, quantitative self-efficacy significantly
related to positive attitudes toward Google Sheets. Additionally,
because consistent findings were found in the confirmatory
sample across three time points, this suggests robust effects for
having favorable Google Sheets attitudes, as well as quantitative
self-efficacy being related to attitude toward Google Sheets.
Results from the present study, while examining specific atti-
tudes toward using Google Sheets, are consistent with research
by Harlow, Burkholder, and Morrow (2002), Pajaras (1996), as
well as Ramirez, Schau, and Emmioglu (2012) suggesting a pos-
itive association between self-efficacy and positive quantitative
attitudes in general.
Current findings could be extended in the future to verify
a positive relationship found between quantitative self-efficacy
and course performance in college students in other studies
Table 3. Individual scale results for attitudes toward Google Sheets (confirmatory sample).
Item, (r) = item was reverse-coded Mean (Begin) SD (Begin) Mean (Mid) SD (Mid) Mean (End) SD (End)
Google Sheets helped me understand statistics concepts better 3.54 0.77 3.70 0.94 3.90 0.88
Google Sheets has not helped me do well in the course (r) 3.62 0.95 3.47 1.24 3.66 1.01
Google Sheets has not helped me integrate and apply class concepts (r) 3.50 1.10 3.44 1.12 3.76 1.21
Google Sheets has helped me becomemore comfortable with statistics 3.59 0.81 3.67 0.89 3.86 0.87
Google Sheets provided me with a good application experience 3.77 0.69 4.05 0.71 4.10 0.74
Google Sheets has been convenient for me to do assignments 3.93 0.69 4.28 0.82 4.30 0.78
I think the skills I’m learning with Google Sheets will be useful outside of class 4.12 0.71 3.76 0.93 3.89 1.13
Google Sheets helps me get involved in learning class material 3.96 0.76 3.88 0.81 4.14 0.81
Google Sheets has helped me gain confidence in the course material 3.76 0.93 3.72 0.93 3.96 0.92
Google Sheets has not helped memake more sense out of the material. (r) 3.41 1.15 3.33 1.00 3.63 1.12
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Figure 1. Scatterplot of Google Sheets attitudes and quantitative self-efficacy (beginning time point).
Figure 2. Scatterplot of Google Sheets attitudes and quantitative self-efficacy (middle time point).
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Figure 3. Scatterplot of Google Sheets attitudes and quantitative self-efficacy (end time point).
(Chemers, Hu, and Garcia 2001; Harlow et al. 2002; Harlow
2013). The favorable attitudes toward Google Sheets also pro-
vide further support for using computer technology to engage
students in learning (Baker et al. 2010; McKnight et al. 2016),
particularly in quantitativemethods courses (Basturk 2005; Sosa
et al. 2011). While the results of this study cannot address
some of the bigger debates in the statistics field (i.e., NHST
vs. Modeling, teaching multivariate statistics), the results do
support the use of Google Sheets as one possible approach to
providing the foundational training for students who continue
forward into more advanced areas of statistics.
6.1. Considerations for Using Google Sheets
While the results of this study show Google Sheets are a viable
option for teaching quantitative methods, instructors should
consider both the positives and negatives of usingGoogle Sheets
before deciding to incorporate it into their course. Current
results show that students appreciate the convenience Google
Sheets provides, which is one of the main positive aspects of
Google Sheets. Other benefits include the cloud-based storage
and lack of cost incurred by the student or institution. Addi-
tionally, real-time feedback is possible using the shared files
and chat functions. However, these conveniences do come at
the cost of some functionality. First, Google Sheets cannot give
confidence intervals, effect sizes, or z-scores/t-scores/F-ratios
by the use of a built-in function. It is still possible to calculate
z-scores, t-scores, and F-ratio values, but instructors would
either have to teach this code step by step or provide the code
to students. This could be useful for instructors who wish to
minimize manual hand calculations in class because students
would have to compute each step of the formula instead of
writing a single command. By emphasizing what is happening
in each step, instructors could reinforce all concepts normally
shown during manual hand calculations, but through the use of
the Google Sheets remove the anxiety that comes from manual
computation (Lukowski et al. 2016). Instructors who do not
wish to minimize hand calculations, on the other hand, could
view this as a disadvantage. Second, Google Sheets functionality
does not extend to all statistical tests common in introduc-
tory quantitative methods courses, such as single-sample t-tests
and chi-squared tests. This could be difficult for instructors to
overcome without providing supplementary materials, but it is
possible when using existing functions andwriting the code step
by step. Finally, Google Sheets would be very difficult to use for
anymultivariate methods due to the lack of advanced functions,
so advanced statistics courses may want to choose a different
option.
6.2. Limitations
The present study has several limitations.Whereas the data were
longitudinal in nature, the sizes for both the pilot (N = 45) and
confirmatory (N =117) sampleswere too small to do any reliable
longitudinal data analysis. Thus, the cross-sectional approach
used to analyze the data do not allow for any inference of causal-
ity or direction of effects. Additionally, several variables could
not be controlled for in the analyses, such as which teaching
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assistant taught the participants and any previous experiences
with quantitative methods. Finally, both samples were not very
large or diverse, and were predominantly white and female.
Future studies may want to assess this evaluation on larger and
more diverse samples.
6.3. Future Directions
This study provides a good first step for evaluating the use
of Google Sheets and more research could be done to further
validate the use of this program to teach quantitative methods.
First, instructors could consider using Google Sheets for in-
class application while also teaching more advanced packages
such as SPSS or SAS, to see if the dual approach could help
students learn in multiple modalities. One approach might be
to use Google Sheets during lecture so students can see the code
being written real-time by the instructor, essentially replacing
any manual computation components by code writing instead.
Faculty could also consider sharing the dataset with all students
so they can view the code being written right on their screen
as well. Meanwhile in lab settings, students could learn a spe-
cialized statistical package. Future research may also consider
evaluating if learning Google Sheets makes the transition to
learning amore advanced statistical package a better experience
for the student. Second, because Google Sheets supports the
development of third-party applications, some of these applica-
tions could be developed to address some of the functionality
issues of Google Sheets. One such application already exists,
called the XLMiner Analysis ToolPak. This application has a
similar function as the Analysis ToolPak in MS Excel, which
does give z-scores, t-test scores, and F-ratios. This ToolPak also
expands beyond those capabilities into other more advanced
statistics, and addresses some of the current concerns with
Google Sheets. Third, Google Sheets may be uniquely suited
to teaching online courses due to the cloud-based processing
and ability to share data sets. Future research should follow-
up with these ideas, as well as replicating this study, to fur-
ther validate the use of Google Sheets in quantitative methods
courses.
Appendix: Measures of Quantitative Self-Efficacy
Please rate your confidence in the following statements or tasks
using the scale below:
1 = Not at all confident
2 = A little bit confident
3 = Undecided
4 = Somewhat confident
5 = Very confident
1. Balance my checkbook without a mistake.
2. Read a table, such as what is in the back of math books, to
determine an answer.
3. Read and interpret graphs and charts.
4. Compute the probability of drawing a jack of diamonds from
a full deck of cards.
5. Do well in math and statistics courses.
6. Understand the concepts of statistics.
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